Understanding the effectiveness of air pollution control policies is important for future policy making. China implemented strict air pollution control policies since 11 th Five Year Plan (FYP).
Introduction
Fine particulate matter (PM2.5, particulate matter with aerodynamic diameter less than 2.5 µm) is a major atmospheric pollutant, which has been shown to be strongly associated with adverse health effects (e.g., cardiovascular and respiratory morbidity and mortality) in many epidemiological studies (Crouse et al., 2012; Dominici et al., 2006; Pope et al., 2002) . With the rapid 5 economic development and industrialization in the past decades, PM2.5 pollution has gradually become a major environmental issue in China (Liu et al., 2017a) . However, the Chinese government did not focus on the PM2.5 issues until 2012. Therefore, air pollution control policies implemented before 2012 mainly focus on SO2, industrial dust and soot emission control. The air pollution control policies of China started to pay attention to PM2.5 since late 2012. 10
Understanding the effectiveness of air pollution controls policies is important for future air pollution control in China. Several studies have examined the historical air pollution control policies and their association with the trends of SO2, NO2, and PM10 (Jin et al., 2016; Chen et al., 2011; Hu et al., 2010) . Since the national PM2.5 monitoring network was established in late 2012, few studies have evaluated the effects of air pollution control policies on PM2.5 concentrations 15 before 2013 due to the lack of historical ground monitoring data. Therefore, it is difficult to understand whether the air pollution control policies had synergistic effects on PM2.5 reductions before 2012.
In recent years, many studies have shown that satellite remote sensing provides a powerful tool to assess the spatiotemporal trends of air pollutions for both global and regional scales (Miyazaki et 20 al., 2017; Itahashi et al., 2012; Krotkov et al., 2016) . Estimating ground PM2.5 using satellite aerosol optical depth (AOD) data was also an effective way to fill the spatiotemporal PM2.5 gaps left by ground monitoring network (Liu, 2013 (Liu, , 2014 Hoff and Christopher, 2009 ). There are two major methods to estimate ground PM2.5 concentration using AOD data, i.e, the scaling method and statistical approach (Liu, 2014) . The scaling method uses atmospheric chemistry models to simulate 25 the association between AOD and PM2.5, and then calculate the satellite-derived PM2.5 using the equation: Satellite-derived PM2.5= 2.5 × (Liu, 2014) . Boys et al. (2014) and estimated the global satellite PM2.5 time series using the scaling method. Compared to the scaling method, statistical models have greater prediction accuracy but require large amount ground-measured PM2.5 data to develop the models (Liu, 2014) .
By taking advanced of the newly established ground PM2.5 monitoring network, we developed a 5 two-stage statistical model to estimate historical monthly mean PM2.5 concentrations using Aqua Moderate Resolution Imaging Spectroradiometer (MODIS) Collection 6 AOD data in one of our previous studies (Ma et al., 2016) . Validation results shows that this monthly PM2.5 dataset has high prediction accuracy (R 2 = 0.73). This accurate historical PM2.5 dataset from 2004 to 2013 allowed us to examined the effects of pollution control policies on PM2.5 concentrations. In this previous 10 study (Ma et al., 2016) , we preliminarily analyzed the effects of Energy Conservation and Emissions Reduction (ECER) policy in 11 th five year plan (2006) (2007) (2008) (2009) (2010) . We found an inflection point around In this study, we aimed to assess the effects of air pollution control policies from 2005 to 2017 on PM2.5 from the view of satellite remote sensing. We used the satellite-derived PM2.5 dataset developed in our previous study (Ma et al., 2016) . Since this dataset was from 2004 to 2013 and 20 data after 2014 has been lacking, we extended the dataset to 2017 in the present work. To keep consistent with our previous satellite PM2.5 dataset, we used the same method as described in our previous study (Ma et al., 2016) . (2013) (2014) (2015) (2016) (2017) . The base year, implementation period, major goals, and major measures are listed in Table 1 .
During 11 th FYP period, there was no specific air pollution control policy. Air pollution 5 prevention and control measures were incorporated in the whole environmental protection plan or policy (i.e., 11 th FYP on Environmental Protection and ECER policy). From Table 1 we can see that the air pollution policies during 11 th FYP mainly focused on total emission reduction. In this period, environmental management in China was emission control oriented, that is, the indicators for local governments' environmental performance assessment were emission reduction rates, not the 10 environmental quality. The 12 th FYP on Environmental Protection and ECER policy were basically the extension of the 11 th FYP policies, which mainly focused on emission reduction.
The 12 th FYP on APPC-KR is the first special plan for air pollution prevention and control.
This plan proposed the idea of unification of total emission reduction and air quality improvement.
And it proposed the goals of air pollutant concentration control for the first time. PM2.5 pollution 15 control was also incorporated in this plan. Although the implementation period of 12 th FYP on APPC-KR is 2011-2015, it was issued in October 29, 2012. After that, China issued the APPC-AP (2013) (2014) (2015) (2016) (2017) in September 10, 2013 , which strengthened the air pollution control and the goals of air quality improvement. These policies indicated that the focus of air pollution control in China began to focus on PM2.5 concentrations reductions. We estimated the monthly satellite-based PM2.5 data from 2004 to 2013 at 0.1° resolution in our previous work (Ma et al., 2016) . Briefly, we developed a two-stage statistical model using MODIS Collection 6 AOD and assimilated meteorology, land use data, and ground monitored PM2.5 25 concentrations in 2013. The overall model cross-validation R 2 (coefficient of determination) was 0.79 (daily estimates) for the model year. Since ground monitor data before 2013 has been lacking and therefore it is unable to develop statistical models before 2013 to estimate historical PM2.5
concentrations. Thus, the historical PM2.5 concentrations (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) were then estimated using the model developed based on 2013 model. Two ways were used to validate the accuracy of historical estimates. First, we compared the historical estimates monitoring data from Hong Kong and Taiwan  5 before 2013. Second, we estimated PM2.5 concentrations in the first half of 2014 using the 2013 model and compared them with the ground measurements to evaluate the accuracy of PM2.5 estimates beyond the model year, which can represent the accuracy of historical estimates.
Validation results indicated that it accurately predicted PM2.5 concentrations with little bias at the monthly level (R 2 = 0.73, slope = 0.91). 10 For PM2.5 concentrations from 2004 to 2013, we directly used above-mentioned satellite-based PM2.5 dataset, which was estimated using the model developed in 2013. First, this dataset has been shown high accuracy and has been widely used in environmental epidemiological (Liu et al., 2016a; Wang et al., 2018a) , health impact (Liu et al., 2017b; Wang et al., 2018b) , and social economic impact (Chen and Jin, 2019; Yang and Zhang, 2018 ) studies in China. Second, a recent 15 study has shown that the historical hindcast ability of the annual model decreased when hindcast year was long before the model year . Therefore, we did not use the models of 2014 to 2017 to estimate the hindcast PM2.5. to develop statistical models after 2013, which allowed us to estimate daily PM2.5 concentrations accurately. Therefore, we developed a separate PM2.5-AOD statistical model for each year of 2014-2017 to estimate the spatially-resolved (0.1° resolution) PM2.5 concentrations. To keep satellite PM2.5 estimates of 2014-2017 consistent with our previous satellite PM2.5 dataset, we used the same method as described in our previous study (Ma et al., 2016) . The data, model development, and 25 model validation are briefly introduced as follows. Previous studies have shown the data quality issue of ground PM2.5 measurements from CEMC network (Liu et al., 2016b; Rohde and Muller, 2015) . We performed the data screening procedure before model fitting. Abnormal values (extreme high or extreme low values for a site compared with its neighboring sites, repeated values for continuous hours, etc.) were deleted before model 20 fitting. We required at least 20 hourly records to calculate the daily average PM2.5 concentrations.
DT and DB AOD were combined using inverse variance weighting method to improve the spatial coverage of AOD data (Ma et al., 2016) . This combined AOD data has been shown good consistency (R 2 =0.8, mean bias=0.07) with ground AOD measurements from Aerosol Robotic Network (AERONET) (Ma et al., 2016) . All data were assigned to a predefined 0.1° grid. Then all 25 of the variables were matched by grid cell and day-of-year (DOY) for model fitting.
A two-stage statistical model was developed for each year separately from 2014 to 2017. The first-stage linear mixed-effects (LME) model included day-specific random intercepts and slopes for AOD, season-specific random slopes for meteorological variables, and fixed slope for precipitation and fire spots. The model structure of first-stage model was shown as follows:
where PM2.5,st is ground PM2.5 measurements at grid cell s on DOY t; AODst is DT-DB merged AOD; WSst, PBLHst, PSst, RH_PBLHst, Precip_Lag1st are meteorological variables; Fire_spotsst is the fire count; μ and μ' are the fixed and day-specific random intercepts, respectively; β1-β7 are fixed slopes; β1' is the day-specific random slope for AOD; β2'-β5' are the season-specific random 10 slopes for meteorological variables; ε1,st is the error term at grid cell s on DOY t; ε2,sj is the error term at grid cell s in season j; Ψ1 and Ψ2 are the variance-covariance matrices for the day-and season-specific random effects, respectively. The first-stage model was fitted for each province separately. We created a buffer zone for each province to include data with at least 3,000 data records and at least 300 days. We averaged overlapped predictions from neighboring provinces to 15 generate a smooth national PM2.5 concentration surface.
The second-stage generalized additive model (GAM) established the relationship between the residuals of the first-stage model and smooth terms of geographical coordinates, forest and urban cover.
where PM2.5_residst is the residual of first-stage model at grid cell s on DOY t; μ0 is the intercept; s(X, Y)s is the smooth term of the coordinates of the centroid of grid cell s; s(ForestCover)s and s(UrbanCover)s are the smooth functions of forest cover and urban area for grid cell s; and εst is the error term.
10-fold cross validation (CV) was used to evaluate the model over-fitting, that is, the model 25 could have better prediction performance in the model fitting dataset than the data which are not included model fitting. In 10-fold CV, all samples in the model dataset are randomly and equally divided into ten subsets. One subset was used as testing samples and the rest subsets are used to fit the model. This process was repeated for 10 rounds until each subset was used for testing for once.
Statistical indicators of coefficient of determination (R 2 ), mean prediction error (MPE), and root mean squared prediction error (RMSE) were calculated and compared between model fitting and 5 CV to assess model performance and over-fitting.
Time series analysis
Monthly mean PM2.5 concentrations for each grid cell were calculated to perform the time series analysis. Following our previous study (Ma et al., 2016) , we required at least six daily PM2.5 predictions in each month to calculate the monthly mean PM2.5. We deseasonalized the monthly 10 PM2.5 time series by calculating the monthly PM2.5 anomaly time series for each grid cell to remove the seasonal effect. PM2.5 trend for each grid cell was calculated using least squares regression (Weatherhead et al., 1998) : 
������������ is the 14-year average PM2.5 concentration of the month to which month m belongs (j = 1 for January, j = 2 for February, …, etc.); μ is the intercept; β is the slope, which is also the trend of 20 PM2.5 (μg/m 3 /month); is the error term. The annual PM2.5 trend (μg/m 3 /year) = 12×β. The method of t test was used to obtain the statistical significance of the trends. This method has been successfully applied to trend analyses of monthly mean PM2.5 and AOD anomaly time-series data (Hsu et al., 2012; Boys et al., 2014; Zhang and Reid, 2010; Xue et al., 2019) .We analyzed the PM2.5 trend for different periods to examine the effects of air pollution control policies on PM2.5 pollution improvement. (Kloog et al., 2011; Kloog et al., 2012) . Compared to the model fitting R show that the overall prediction accuracy of the models from 2014 to 2017 is satisfying.
The fixed effects, model fitting, and CV results of the first-stage LME model for each province are shown in Tables S2-S5 (SM) . AOD is the only variable that was statistically significant in all provincial models for all years (p < 0.05). Wind speed, relative humidity, precipitation, and fire spots were significant in most provincial models. A potential source of uncertainties of statistical models is the uneven spatial distribution of ground PM2.5 monitors. The CEMC air quality network mainly covers large urban centers with very limited sites coverage in rural areas, especially in western part of the country. Since it requires large amount ground-measured PM2.5 data to develop satellite-based statistical model, this bias cannot be avoided. Despite this limitation, high model performances have been achieved in this study and 10 previous similar studies (Zheng et al., 2016; Huang et al., 2018; Xue et al., 2019) , which are much better than the scaling method. th FYP were not designed for PM2.5 prevention and control, they still had co-benefits on PM2.5 pollution control. There were two main reasons. First, SO2 is the precursor gas of sulfate. Previous studies have shown that sulfate was the major component of PM2.5 during 11 th FYP period Li et al., 2010; Pathak et al., 2009 ). The reduction of SO2 could therefore contribute to the suppression of increasing PM2.5 pollution. Second, the control of industrial dust and soot, which 25 include a portion of primary PM2.5 (Yao et al., 2009) , also contributed to the PM2.5 pollution reduction. According to the official results of APPC-AP performance assessment (Table 4) , PM2.5 of Jingjinji, YRD, and PRD Regions were decreased by 39.6%, 34.3%, and 27.7%, respectively. And annual mean PM2.5 of Beijing was 58 µg/m 3 in 2017. Compared to the arithmetic average satellite 15 PM2.5, the populations weighted average results (Table 4) are more closed to the official results. The main reason is that official performance assessment used ground measurements. However, the spatial distribution of ground monitors is uneven. Most of the sites are distributed in populated urban areas and only a few are located in rural areas. Compared to ground monitors, satellite remote sensing has more comprehensive spatial coverage. Figure S3 shows the spatial distribution of 20 satellite and ground PM2.5 concentrations of 2017 in Beijing. It can be seen that the ground monitors are clustered in polluted urban centers. The cleaner north and northwest of Beijing have few sites.
Effect of air pollution control policies in
Thus the population weighted results of satellite PM2.5 are closer to the official results, but still have differences. Since satellite PM2.5 have better spatial coverage than ground monitors, satellite PM2.5 can better represent the spatial variation of PM2.5 pollution. The population weighted average 25 satellite PM2.5 can better represent the health impact of PM2.5 pollution. When using ground monitors to calculate the regional mean concentrations, the weights of area and population for each site should be considered. Xue et al. (2019) (2018). The main reason could be that they did not include western China in their study area. And statistical significance levels were not reported in their study, which could not allow us to know whether the trend was significant or not.
Discussion and Conclusions
Although there have been several studies have studied the historical trends of PM2.5 in China, few has study the relations between the trends and air pollution control policies. This paper 15 reviewed the air pollution control policies from 2005 to 2017. And for the first time we gave an overall evaluation of the effects of these policies on PM2.5 pollution improvement in China from the perspective of satellite remote sensing. Results show that our satellite PM2.5 dataset is a good source to evaluate the performance of air pollution policies. The trends of satellite-derived PM2.5 concentrations is consistent with the implementation of air pollution control policies in different 20 periods.
The ECER policy implemented in 11 th FYP period (see Table 1 Ambient Air Quality Standard (GB 3095-2012) . All these polices (details can be found in Table 1 and Sections 4.4 and 4.5) had led to dramatic decreases of PM2.5 after 2013 (-4.27 µg/m 3 /year for entire China, p<0.001) . And the implementation of these policies was also an important mark that environmental management in China began to change from total emission control oriented mode to environmental quality improvement oriented mode. 10
It should be noted that inter-annual variation in meteorology has also contributed to the changes in PM2.5. A recent study shows that meteorological conditions contributed approximately 20% of the PM2.5 reduction in Beijing from 2013 to 2017, while the control of anthropogenic emissions contributed 80% . In addition, the slowdown of economic development after financial crisis in 2008 might contribute to the PM2.5 emissions reduction. According to China 15 Statistical Yearbook (NBS, 2018) , the gross domestic products (GDP) growth rate decreased from 14.2% in 2007 to 6.9% in 2017. However, the GDP growth rates are still relatively high at current stage (6%~7%). Contrarily, the PM2.5 concentrations have decreased dramatically. Without effective air pollution control policies, the PM2.5 pollution level would not decrease rapidly. Therefore, effective air pollution control policy was the main reason for PM2.5 pollution reduction after 2013. 20
Meteorological conditions also contributed a small portion of PM2.5 reductions.
The trends in PM2.5 concentrations in China also showed spatial heterogeneity. Multiple reasons may explain the regional differences, e.g., the pollution levels of base year, the regional differences of industrial structures, the spatial heterogeneity of anthropogenic and natural emissions, economic and industry development differences, variations of regional policies, and variations of 25 meteorological conditions, etc.
Currently, China has achieved great success in PM2.5 pollution control. However, PM2.5 concentrations in many areas are still much higher than Level 2 annual PM2.5 standard of 35 μg/m 3 of GB 3095-2012, which is corresponding to WHO Air Quality IT-1 level. China has implemented a new air pollution control policy from 2018, i.e., the Three-year Action Plan to Win Battle for Blue Skies (2018 Skies ( -2020 ). China's air quality is expected to be further improved in the next three years. 5
This study extended the satellite PM2.5 dataset in our previous study (Ma et al., 2016) to the year of 2017 and obtained longer time series of satellite PM2.5 data, which can provide more spatially-resolved and high accurate PM2.5 data for epidemiological, health impact assessment, and social economic impact studies in China.  Identify the key regions and implement regional specific management  Strictly control high energy consumption and high pollution projects, control new pollutants emissions, implement strict emission standard, and enhance control requirements of VOCs in key regions  Strengthen elimination of backward production capacity, optimize industrial layout  Optimize energy consumption structure, develop clean energy, control total coal consumption, establish restricted zones for high polluting fuels, eliminate small coal boilers, promote clean and efficient utilization of coal  Comprehensively implement co-control of multiple pollutants (SO2, NOx, PM, VOCs), strengthen vehicle pollution prevention and control  Innovate regional management mechanism, establish joint regional prevention and control coordination mechanism, establish and perfect ground monitoring network APPC-AP 2012 2013-2017  PM2.5 concentrations of Jingjinji, Yangtze River Delta, and Pearl River Delta regions should reduce by 25%, 20%, and 15% respectively  PM2.5 concentrations of Beijing should be controlled at around 60 μg/m 3  Enhance comprehensive air pollution control on industrial enterprises, deepen non-point source control, strengthen vehicle pollution control  Adjust, optimize, and upgrade industrial structure, strictly control new capacity with high energy consumption and high pollution, accelerate elimination of backward production capacity, reduce excess capacity  Accelerate energy structure adjustment, accelerate utilization of clean energy, control total coal consumption, promote clean utilization of coal, improve energy efficiency  Optimize industrial layout  Utilize the market mechanism, improve the pricing and tax policy, establish regional coordination mechanism  Establish monitoring, early warning, and emergency system for heavy pollution episodes 
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